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ABSTRACT: Surface roughness quality of material plays a vital role in its performance standards and Fatigue 
Life. The process parameters which are considered while calculating the surface roughness are speed, feed, and 
depth of cut. This paper examines the parameters that affect the roughness of the surface produced during the 
process of turning on Aluminium 6061. In this study, the experimental design is analyzed using the neural network 
tool. The relationship between the turning parameters on the surface roughness is investigated using two back 
Propagation algorithms. Simulation Tool is used to predicting the results of surface roughness and the obtained 
results are compared to the results obtained by Taguchi's method and it is observed that ANN tool delivered an 
accuracy of 7.47% more than that of Taguchi while predicting results. 
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I. INTRODUCTON 


Surface Roughness plays a huge role in the quality of a material and its performance during the machining 
operations. For attaining the best quality surface roughness optimum cutting parameters needs to be 
analyzed. The optimization of various cutting parameters with surface roughness is highly complex and non- 
linear. Artificial Neural Network (ANN) models have served efficiently in predicting outputs of complex 
data relations by imitating the biological features of neurons of the human body. ANN performs simulation 
with help of the data it is trained with, the data for the training is obtained experimentally and the more the 
data for training will be available the less shall be the error in the predicted values. An ANN model can be 
created using the back-propagation technique for the simulation of the process and its parameters. It can be 
then used to predict the output values, with the assurance of low error in the predicted value versus the 
experimental values, it can be used for optimization. 


A. Artificial Neural Network 


Artificial neural networks are inspired by the biological system of neurons in the human body and have been 
efficient in providing prediction for non-linear information. ANN comprises nodes or units called artificial 
neurons. Each neuron can transmit signals to other neurons, hence exhibiting features of those of the 
biological arrangement of human body neurons. 


ANN has the following three components which are essential for a model to be created: 


1. Network Architecture: It is the arrangement/ design of neurons in various layers along with defining the 
characteristics they will possess. In this study, we are going to use the Feed Forward Type. 
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2. Training: Each neuron exhibits its characteristics. Weights help in defining/modifying these 
characteristics, training is used to modify these weights between network layers to obtain the desired output. 


3. Learning Rule: It is a method or a defined mathematical logic that improves the ANN’s performance and 
applies this given rule over the whole network. Thus it updates the weights and bias (according to the given 
logic) of a network when a network is being trained in a specific data environment. Examples can be the 
Delta learning rule, Hebb’s learning, Perceptron learning rule, etc. 


4. Activation Rule: The activation Rule is a local Method/ procedure that each neuron follows in updating 
its activation concerning the input from neighboring neurons. Following are the types of activation functions: 


1. Threshold function, 
2. Piecewise-linear function, 


3. Sigmoid function. (Its graph is an s-shaped graph, which is by far the most commonly used form of the 
activation function.) 


B. Neural Network Tool in MATLAB 


MatLab is a Computer language and computational mathematics environment developed by MathWorks 
used to process complex mathematical operations and manipulation of various forms of data including 
matrices, arrays, variables, etc. 


Neural Network Toolbox (NN tool) is an inbuilt tool that provides the neural network developing framework 
in MatLab which can be used further for the modeling of complex nonlinear systems that can not be not 
easily modeled with a closed-form equation. The toolbox can be used to perform the following operations 
on a neural network 


1. Design, 

2. Train, 

3. Visualize, 

4. Simulate neural networks. 


We can use Neural Network Toolbox for applications such as clustering, pattern recognition, time-series 
prediction, and dynamic system modeling and data fitting. It supports a variety of training algorithms 
including but not restricted to 


1. Gradient descent methods, 

2. Conjugate gradient methods, 

3. The Levenberg-Marquardt algorithm (LM), and the 
4. Resilient Backpropagation algorithm (Rprop). 


The toolbox helps us quickly modify the network and weights related to it. Error weight can be defined 
according to the relative role they play in the desired output. The Toolbox also provides a regression plot for 
visualization of the weights that the network followed and leaves it to the user if or not the network needs to 
be retrained. 


B. Network design steps 


The following are some standard steps involved in the making of a neural network to solve the problem in 
the application areas of time-series analysis, clustering, function fitting, and pattern recognition. 
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1. Data Collection 

2. Network Creation 

3. Network Definition 

4. The initialization of the weights and biases 
5. Training the network 

6. Validating the network 

Steps involved in Matlab NN tool: 


1. Import the data into the MATLAB Workspace, experimentally obtained data should be stored in Target 
and process parameter values in Input 


2. In the common window, nntool shall be typed which will lead to a separate window, input the target and 
input values into the data manager 


3. Then click on the NEW button to create a new network, and define the network properties and layer 
properties accordingly, and then proceed to create it 


4. Open the network and select training parameters, in Input import Input, and Target import Target. 
5. Start training the network, until the desired regression graph is achieved 
6. Simulation can be performed in the simulation tab using sample values. 


7. Export all values to the MATLAB workspace. 


Il. DATA ANALYSIS & MODELLING OF NETWORK 


1. Data collection 


The data was collected from the study “Optimization of Process Parameters in Turning Operation of 
Aluminium (6061) with Cemented Carbide Inserts Using Taguchi Method and ANOVA” 


Following data was collected: 
Parameter and parameter levels: 


Table 1: Composition of Al alloy (2) 
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Table 2: Cutting Parameters that were used (2) 


Feed (mmirey)} 0.15 0.125 0.100 


| ae: | Speed (RPM) 2100 1900 1700 


e | Denthoteat 0.4 0.3 0.2 
(mm) 


2. Data Modelling and Analysis 


A Neural Network is created using the NNTOOL in MatLab. Training parameters and the methodology used 


in the NN Tool are given in the following figures 


| @e Create Network or Data - x 
Network Data 
Name 
network! 
Network Properties 
Network Type: Feed-forward backprop v 
Input data: (Select an Input) 
Target data: (Select a Target) 
Training function: TRAINLM v 
Adaption learning function: LEARNGDM v 
MSE v 


Performance function: 


Number of layers: 


Properties for: Layer] v 


Number of neurons: 10 
Transfer Function: TANSIG v 


iat} View WY Restore Defaults 
12) Help © Create @ Close | 


Figure 1: Training Model 
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SH! Network: network! ia x 


View | ain| Simulate Adapt Reinitialize Weights View/Edit Weights 


Training Info Training Parameters 


| ; Training Data Training Results 
Inputs input vy Outputs network1_outputs 
Targets target v Errors network1_errors 
Init Input Delay States (zeros) v Final Input Delay States network1_inputStates 
Init Layer Delay States (zeros) | || Final Layer Delay States network1_layerStates 


. Train Network 
Figure 2: Training Parameters (a) 
SE! Network: network! - Oo x 
Simulate Adapt Reinitialize Weights View/Edit Weights 
Training Info Training Parameters 
showWindow true mu 0,001 
showCommandLine false mu_dec 0.1 
show 25 mu_inc 10 
epochs 1000 mu_max 10000000000 
time Inf 
goal 0 
min_grad le-07 
max_fail 100 
XW Train Network 
Figure 3: Training Parameters (b) 
TE! Network: network! = Oo x 


Train Simulate Adapt Reinitialize Weights View/Edit Weights 


Hidden Layer Output Layer 


Figure 4: Network layout 


A part factorial experimental design is analyzed through these networks. This part data is taken from the study 
Ranganath M. S. et al, Optimization of Process Parameters in Turning Operation of Aluminium (6061) with 
Cemented Carbide Inserts Using Taguchi Method and Anova” (Table 3, excluding column SURFACE 
ROUGHNESS, PREDICTED USING ANN and so obtained error) 


Table 3: Surface roughness vs Various Parameters (2), (Result of the current paper analysis are shown in the 
last two columns) 
Experiment 


Surface Surface 
No. Speed feed D.O.C Roughness Surface Roughness Roughness 


; (Predicted using (For (predicted using (For 
(RPM) (mm/rev) (mm) (Experimental) Taguchi) Taguchi ) ANN) ANN) 
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1 1700 0.1 0.2 0.82000 0.822465 -0.00247 0.818295585 0.0017 
1700 0.1 0.3 0.94000 0.923216 0.01678 0.911793873 0.0282 


1700 0.1 0.4 0.96000 1.002099 -0.04210 1.122271101 -0.1623 
1700 0.125 0.2 1.12000 1.044266 0.07573 1.109643469 0.0104 
1700 0.125 0.3 1.06000 1.172187 -0.11219 1.078870298 -0.0189 
1700 0.125 0.4 1.10000 1.272344 -0.17234 1.093152485 0.0068 
1700 0.15 0.2 1.44000 1.269214 0.17079 1.398854224 0.0411 
1700 0.15 0.3 1.54000 1.424692 0.11531 1.628816747 -0.0888 
1700 0.15 0.4 1.50000 1.546424 -0.04642 1.505569303 -0.0056 


oO | 


0 0.2 E : 
1 0.3 is . 
2 0.4 . 5 E 
3 0.2 : : 5 E . 
0 . 0.3 . E E . 
7 


2 


1 
1 
1 
1 
1 
1 
1 
1 
1 
1 0.1 
2 0.1 
2 
2 
2 
2 
2 


2100 0.15 0.4 1.86000 1.458814 0.40119 1.71640126 0.1436 


The cutting speed, feed rate, and depth of cut are taken as input parameters and roughness values 
(Experimental) are taken as target parameters. The network was trained until the regression plot of the 
particular network fits the best possible ideal line. After the final training, the outputs & errors are 
recorded separately for each network. 


I. SIMULATION 


A sample data (Table 4) is fed to the network and the predicted surface roughness values from the 
NNTOOL are recorded for the network 
Table 4: Surface Roughness Prediction using Simulation NNTOOL 


Experiment Speed feed D.O.C Surface Surface Roughness Error Surface Error3 
No. Roughness(EXP) (Taguchi) Roughness 

( Simulated 

using ANN) 


1700 0.15 0.3 1.54000 1.424692 0.11531 1.6014 -0.0688 
1700 0.15 0.4 1.50000 1.546424 -0.0464 1.50508 -0.0050 


1900 «0.1 0.2 0.86000 0.06240 0.9022 - 0.04022 
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IV. RESULTS: 


The present study serves two purposes. The first is to demonstrate the use of ANN in finding optimum 


values of surface roughness with given parameters. The second was to compare the results of those of 


Taguchi and ANN. 

1. The output obtained is compared with the data used is given in table 2, with the following findings: 

2. The mean error in the Taguchi principle was 12.58% whereas that in ANN is 5.11% 

3. hence showing that the ANN tool is more efficient than Taguchi 

4. Itcan also be seen that the results obtained from the ANN tool are highly reliable and showed very minute 
errors. 

5. Predicted Values also were highly reliable showing a mean error of 3.80% only. 

6. The regression model nearly fits the ideal line. 


@ Neural Network Training (nntraintool) = Qo x 
Neural Network 
Hidden Layer Output Layer 
Input Output 
| 
Training: R=0.96661 Validation: R=0.98616 4 u 
10 1 
= = 18) —ODaa 
—) Ss Fit 
s + 16 ea Algorithms 
3 3 Data Division: Random (dividerand) 
5 514 Training: Levenberg-Marquardt (trainim) 
5 E Performance: Mean Squared Error (mse) 
I @ 12 Calculations: MEX 
r) ) 
1 Yo4 
As ig Progress 
3 3 0.8 Epoch: 0 4 iterations 1000 
6 / 6 ae | Time: 0:00:02 
08 1 12 14 16 06 08 1 #12 14 16 18 Performance: 0.00427 | i] 0.00 
Target Target Gradient: 0.0947 [1590-09] 1.00e-07 
Mu: 0.00100 1,00e-07 1,00e+10 
Test: R=0.79095 All: R=0.97121 VOTERS of a 100 
a 
3 2 1° Plots 
; o 
% 7] 
S 2 1.4 Training State (plottrainstate 
GI 
r e Regression (plotregression) 
ca 8 1.2 eg p gressior 
s o 
" | es Plot Interval: U 1 epochs 
3 Bos | 
6 6 Zh Minimum gradient reached. 
0.6 
06 08 1 #12 14 16 1.8 @ Stop Training @ Cancel 
Target 


(5) (6) 


Figure 5 and 6: Regression and training results 


V. CONCLUSION: 


1. With aneural network, designed with the parameters used in Table 2, accurate results can be obtained. 

2. Although both the methods show very accurate results with minimum errors, still it can be seen the 
results obtained in ANN were much accurate than those obtained in Taguchi’s. 

3. By analyzing surface roughness values at different cutting parameters, an optimum cutting condition 
can be obtained using an optimum set of parameters where the value of surface roughness is minimum 

4. The new methodology can be well adapted in the industry as it not requiring any major changes in 
the existing setup. 
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